Reconstruction of the past is central to evolutionary biology ([@B25]; [@B9]; [@B24]). A first step is often phylogenetic reconstruction, which is central to understanding the origin, evolution and classification of species, protein families, and pathogens such as HIV, as well as for reconstructing the evolution of communities and ecosystems. However, phylogeny is not an end in itself; it is generally the support for more complete studies. In particular, one frequently reconstructs the evolution along a phylogenetic tree of ancestral characters of diverse nature, for example: molecular ([@B12]; [@B35]), phenotypic ([@B26]; [@B2]), geographical ([@B23]; [@B7]; [@B22]; [@B17]; [@B6]), or ecological ([@B12]; [@B26]; [@B35]), and these reconstructions involve differing time scales, ranging from a few years for fast evolving viruses (e.g., Ebola, [@B6]), to hundreds of millions years for higher eukaryotes (e.g., plants, [@B12]; [@B26]; [@B2]; [@B35]). The problem has two facets ([Fig. 1](#F1){ref-type="fig"}), which are generally combined: one may want to infer the "pattern," that is, the ancestral states associated with phylogeny root and nodes, for example, the origin and migration routes of a species ([@B7]; [@B17]) or an epidemic ([@B22]; [@B6]); or one may aim to understanding the "process" driving the character evolution and state changes such as the factors explaining the spread and sustainability of epidemics ([@B6]), or the selection mechanisms acting at a molecular level ([@B21]).
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Many methods have been proposed to reconstruct the pattern. Today, one most often uses probabilistic methods based on Markovian evolutionary models with numerical parameters to be estimated from the data ([@B25]; [@B9]; [@B24]). These models and their parameters are mathematical representations of the evolutionary processes. We deal here with discrete "unique" characters (e.g., a particular geographical or morphological character) as opposed to sequence characters (nucleotide or amino-acid). In this framework, we show, using information theory, mathematics and simulations, that evolutionary patterns (ancestral states) and processes (transition rates) cannot generally be simultaneously reconstructed with high accuracy from extant data. This result applies even to the simplest models, and to characters commonly used in a number of current studies, to describe a wide range of evolutionary phenomena, from molecular to ecological levels.

The Markovian evolutionary models used to reconstruct character evolution can be very simple, typically symmetrical with very few states ([Fig. 1](#F1){ref-type="fig"}), but the current trend is to rely on ever more complex models which can be nonsymmetrical, with dozens of states ([@B6]) (and therefore hundreds of parameters), latent variables ([@B26]) and, for some models, evolution over time ([@B23]; [@B2]; [@B17]; [@B6]). The estimation of these models is based on maximum likelihood (ML) and Bayesian approaches, and the task is complicated by the fact that with unique characters there is only one realization of the process, corresponding to the state values observed at the leaves of the tree. Estimations are much simpler with DNA or protein sequences, where we assume the same model for all the characters (or for large classes of characters with site-dependent models) and thus benefit from multiple information sources. To learn the most complex of these (single-character) models, one can rely on user-supplied "factors," such as the degree of connectivity between two countries in phylogeography ([@B22]; [@B6]). In a Bayesian framework, the parameters of complex models are sometimes viewed as nuisance parameters, and then the focus is not on their precise values, but on the global impact of the model on the reconstruction of the ancestral character states. To predict ancestral states, one generally uses marginal, joint or posterior likelihoods of the tree node states ([@B25]; [@B9]; [@B24]; [@B36]; [@B27]; [@B1]). These two components (model estimation and ancestral reconstruction) are most often simultaneous and interdependent because neither the model nor the ancestral states are generally known (exceptions are paleontological rests with morphological characters, ancient DNA, and serial sampling over time of fast evolving organisms such as viruses). Only the tree and branch lengths can be considered as known; in practice, they are usually estimated from DNA or protein sequences via a probabilistic approach that includes the estimation of a model of site substitution for those sequences, and possibly a molecular clock model to date the tree nodes and root age ([@B9]). Note that the model used to estimate the tree and its branch lengths from sequences cannot describe the transition rates of the unique character (e.g., morphological or geographical) under study. For example, assuming that the tree is time scaled, we need to estimate the global rate of state changes per year (among other parameters, depending on the character evolution model), and this global rate cannot be deduced from the sequences.

Theoretical work has shown the difficulty of reconstructing ancestral states even when the evolutionary model describing the state changes is fully known ([@B8]; [@B28]; [@B10]). If the rate of changes is too fast, the information provided by tree leaves is low and it is impossible to reconstruct the root state accurately, regardless of the estimation method. Note, however, that the reconstruction of states at recent tree nodes is easier, and can be achieved even when the root state cannot be reconstructed ([@B11]). To our knowledge, there is no theoretical work on the joint estimation of evolutionary model parameters and the ancestral states, in standard models of character evolution. Moreover, very few simulations have been performed to verify that the complex models used in recent studies described in the previous paragraph could be estimated with high reliability. We show here that it is usually not possible to accurately reconstruct both the root character state and estimate the parameters of the evolutionary model. Intuitively, if the global rate of change is low, the reconstruction of the root is easy because the root state is largely preserved along the tree branches all the way to the leaves, but then they are too few state changes to accurately estimate the relative rates of changes from one state to another; conversely, with a rapid evolution, one cannot reconstruct the tree root, but estimating the rates seems easier.

While these intuitive trends are easily grasped, our aim in this article is to make these vague claims precise, with a formal mathematical proof. This approach allows us to deduce consequences that do not seem as intuitively clear; namely, for certain tree shapes (Yule trees, commonly used to describe species trees) the uncertainty in simultaneous estimation can be reduced towards zero by increasing the number of taxa, while for other tree shapes (e.g., coalescent trees, commonly used in population genetics) it cannot. We will also see from simulations that with a high rate of evolution some model parameters are well estimated, while some others are not.

Mathematical Results {#SEC1}
====================

We first establish this Darwinian uncertainty principle by using mathematical results based on standard Markovian evolutionary models. In all these results we assume that the trees are time-scaled and clock-like, meaning that the branches are measured in time units (e.g., years, million years etc.). We will also assume that the tips are at the same distance (evolutionary time) to the root, and thus provide similar information on the character state of the root (actually, Theorem 1 holds even without that constraint).

For our first theorem, we consider any "equal input model" ([@B31]) on any number of states ([Fig. 1](#F1){ref-type="fig"}a,c, assuming $\documentclass[12pt]{minimal}
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}{}$k$\end{document}$ of states the Mk model for morphological characters (being a generalization of the Jukes-Cantor model) is an equal input model. With JC and Mk models, the unique parameter to be estimated is the global rate (measured in number of state changes per year), while with F81 and equal input models we also have to estimate the equilibrium frequencies of the states. The equal input model is simple but includes the state equilibrium frequencies, like most evolutionary models used nowadays. The difficulties shown for that model are thus likely to apply to more complex models.
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Our first theorem (described in the Appendix) demonstrates that the information provided by the data obtained at the tips of an evolutionary tree concerning the ancestral root state and concerning the relative rates behave in opposite ways as a function of the global evolutionary rate $\documentclass[12pt]{minimal}
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Our second theorem (described in the Appendix) positively moderates this phylogenetic uncertainty principle with Yule trees ([@B37]; [@B15]; [@B3]; [@B32]), which roughly describe the shape of speciation trees. Theorem 2 shows that for Yule trees of fixed height, the uncertainty of simultaneous estimation is reduced when more tips are present (however, for a particular study, adding more taxa may not be possible; this and other practical issues are discussed in the concluding section). This result holds for a wide variety of evolutionary models, in particular, we can allow *any* stationary, reversible, continuous-time Markov process involving any number of states for which the rate matrix $\documentclass[12pt]{minimal}
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This positive result for Yule trees does not hold for certain other tree models. For coalescent trees ([@B34]), commonly used in population genetics, and star trees, corresponding to extreme radiations), we show that uncertainty remains even if the number of tips tends to infinity.

Simulation Results {#SEC2}
==================

To explore the behaviour of evolutionary models that are more complex and realistic than equal input models of Theorem 1, we use computer simulations. The goals are to: quantify the uncertainty with both Yule and coalescent trees; measure the gain brought by a large number $\documentclass[12pt]{minimal}
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Though the HKY model is more general than equal input models, the results ([Fig. 2](#F2){ref-type="fig"}) are in accordance with the uncertainty principle of Theorem 1, for both Yule and coalescent trees. With a low $\documentclass[12pt]{minimal}
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![Simulation results with Yule (a) and coalescent (b) trees: Horizontal axis: value of the global rate $\documentclass[12pt]{minimal}
\usepackage{amsmath}
\usepackage{wasysym} 
\usepackage{amsfonts} 
\usepackage{amssymb} 
\usepackage{amsbsy}
\usepackage{upgreek}
\usepackage{mathrsfs}
\setlength{\oddsidemargin}{-69pt}
\begin{document}
}{}$\mu$\end{document}$ used to simulate the data; Vertical axis: error measurements (probability of error for root state predictions; relative absolute error for other estimations; see Appendix); GlobalRateML = ML estimation of the global rate $\documentclass[12pt]{minimal}
\usepackage{amsmath}
\usepackage{wasysym} 
\usepackage{amsfonts} 
\usepackage{amssymb} 
\usepackage{amsbsy}
\usepackage{upgreek}
\usepackage{mathrsfs}
\setlength{\oddsidemargin}{-69pt}
\begin{document}
}{}$\mu$\end{document}$; FreqML = ML estimation of the equilibrium frequencies; FreqTips = quick estimation of the equilibrium frequencies by counting the number of state occurrences on the tree leaves (clearly worse than ML estimation); FreqMultin = best possible estimation of the state frequencies with $\documentclass[12pt]{minimal}
\usepackage{amsmath}
\usepackage{wasysym} 
\usepackage{amsfonts} 
\usepackage{amssymb} 
\usepackage{amsbsy}
\usepackage{upgreek}
\usepackage{mathrsfs}
\setlength{\oddsidemargin}{-69pt}
\begin{document}
}{}$n$\end{document}$ samples, as obtained with a multinomial; KappaML = ML-based estimation of $\documentclass[12pt]{minimal}
\usepackage{amsmath}
\usepackage{wasysym} 
\usepackage{amsfonts} 
\usepackage{amssymb} 
\usepackage{amsbsy}
\usepackage{upgreek}
\usepackage{mathrsfs}
\setlength{\oddsidemargin}{-69pt}
\begin{document}
}{}$\kappa$\end{document}$ (the transition to transversion ratio); RootMLtrue = root state prediction by ML, with the knowledge of the evolutionary model used to simulate the data; RootMLfull = root state prediction when all model parameters ($\documentclass[12pt]{minimal}
\usepackage{amsmath}
\usepackage{wasysym} 
\usepackage{amsfonts} 
\usepackage{amssymb} 
\usepackage{amsbsy}
\usepackage{upgreek}
\usepackage{mathrsfs}
\setlength{\oddsidemargin}{-69pt}
\begin{document}
}{}$\mu$\end{document}$, $\documentclass[12pt]{minimal}
\usepackage{amsmath}
\usepackage{wasysym} 
\usepackage{amsfonts} 
\usepackage{amssymb} 
\usepackage{amsbsy}
\usepackage{upgreek}
\usepackage{mathrsfs}
\setlength{\oddsidemargin}{-69pt}
\begin{document}
}{}$\pi$\end{document}$, $\documentclass[12pt]{minimal}
\usepackage{amsmath}
\usepackage{wasysym} 
\usepackage{amsfonts} 
\usepackage{amssymb} 
\usepackage{amsbsy}
\usepackage{upgreek}
\usepackage{mathrsfs}
\setlength{\oddsidemargin}{-69pt}
\begin{document}
}{}$\kappa$\end{document}$) are estimated from the data; RootMultin = root state "prediction" with uninformative data, as obtained with a multinomial model (similar to a tree with very long edges).](syz054f2){#F2}

As expected from Theorem 2, the accuracy of all estimations improves with Yule trees when $\documentclass[12pt]{minimal}
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Lastly, a positive finding is that the accuracy of root state estimation is not affected by the poor estimation of the model parameters: the results are nearly the same when using the estimated parameter values (RootMLfull) and their true values (RootMLtrue), and this finding still holds with low $\documentclass[12pt]{minimal}
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Discussion {#SEC3}
==========

We described above a series of new results on the difficulty of estimating the process or model explaining the evolution of a unique, discrete character. Moreover, we showed that the difficulty of estimating the model parameters behaves oppositely to the difficulty of estimating the pattern, especially the root state. Although these results (theorems, simulations) demonstrating and quantifying the uncertainty principle are obtained in simple settings, it is highly likely that with more complex models and real biological data the situation is even worse (e.g., see simulation results concerning the difficulty of estimating the $\documentclass[12pt]{minimal}
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Our "Darwinian uncertainty principle," which governs ancestral reconstructions in biology, has a similar flavor to a fundamental principle in quantum physics: Heisenberg's uncertainty principle. The latter asserts a fundamental limit on the precision of simultaneously measuring both the position and the momentum of a particle ([@B18]). Here, we take the phylogenetic analog of "position" as "ancestral state," and thus "momentum" (closely related to velocity) corresponds to the rates at which ancestral states change into different alternative states. In physics, increasing the mass of a particle reduces the uncertainty of jointly specifying its position and momentum; in our setting, the analog of mass is $\documentclass[12pt]{minimal}
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}{}$n$\end{document}$ also reduces the uncertainty of joint estimation. Though the models and mathematics are radically different, our results thus have a similar spirit: it is not possible to accurately estimate both the ancestry and the rate of state changes in characters commonly used in a number of recent studies, to describe a wide range of evolutionary phenomena, from molecular to ecological levels.

From a practical standpoint, let us first emphasize that we deal here with unique characters. Estimating models from sequences where all sites are assumed to be i.i.d. (independently and identically distributed) is much easier, as one has access to multiple sources of information. For example, estimating the state frequencies by simply counting the states observed in extant sequences is a common practice that performs well (under the standard assumption that the root sequence was drawn according to these frequencies), while our findings ([Fig. 2](#F2){ref-type="fig"}) demonstrate that it does not work with unique characters, as generally the tips states are still largely influenced by the root state. Note also that having some knowledge concerning ancestral states (e.g., with paleontological rests or ancient DNA) or having serial samples should simplify the estimation task, at least in certain configurations, making it possible to accurately estimate both the (unique) ancestral root state and the process.

Our results clearly indicate that when achieving ancestral reconstructions, the reliability of the estimates (both patterns and processes) has to be checked systematically using some standard approach (e.g., posterior distribution, second derivative of the likelihood function, nonparametric bootstrap; e.g., see ([@B19]) for a method to account for the uncertainty of ancestral state reconstruction using posteriors). When the main goal is to reconstruct ancestral states, our findings---approximate model parameter estimates of their true values yield similar root reconstruction accuracy ([Fig. 2](#F2){ref-type="fig"})---are reassuring, in light of the common practice to neglect the model parameters or to consider them as nuisance parameters in a Bayesian setting. When the evolutionary model is in question, estimating the reliability of the parameter estimates is especially important; when they appear to be stable and well estimated, one has to remember that it is unlikely that ancestral states can be accurately reconstructed (at least the deepest ones).
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Statement and Sketch Proof of Theorem 1 {#SECA.1}
---------------------------------------
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We can now state our first theorem (for details and full proof, refer to the Supplementary Appendix available on Dryad at [https://dx.doi.org/10.5061/dryad.6p55sp3](10.5061/dryad.6p55sp3)).
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A brief outline of the Proof of Theorem 1 follows. The proof of both parts applies the classical data processing inequality (DPI) from information theory ([@B5]), but in different ways. Recall that the DPI states that if $\documentclass[12pt]{minimal}
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Statement and Sketch Proof of Theorem 2 {#SECA.2}
---------------------------------------

Notice that the estimation error curves in the simulations ([Fig. 2](#F2){ref-type="fig"}) appear to come down as $\documentclass[12pt]{minimal}
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A brief outline of the proof of Theorem 2 follows. To show that the root state can be accurately estimated with Yule trees, the primitive method of maximum parsimony (MP) ([@B25]; [@B9]) suffices (even though it is less accurate than ML). The proof that MP is consistent here combines two ideas: first we apply a (probabilistic) coupling argument which shows that it is enough to establish the result for an associated 2-state process; we then investigate this simpler process by deriving and analyzing a system of nonlinear differential equations (analogous to [@B10]).
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}{}$R$\end{document}$ can also be consistently estimated with Yule trees, we consider an estimation method based on 3-leaf pendant subtrees. While such a method is not likely to be optimal (e.g., ML surely performs better) it is nevertheless sufficient to establish the theorem, and its simplicity allows for a tractable mathematical analysis that would be difficult for more complicated methods. We deal with 3-leaf pendant subtrees rather than just 2-leaf pendant subtrees ("cherries," commonly used to estimate models from sequence data) for two reasons. First, it allows us to consider more general Markovian processes (in particular, we need not assume the Markovian process is time-reversible). Second, even for time-reversible models, an approach based on cherries only works if the leaves are very far from the root \[so that the frequencies of states is at (or very close to) equilibrium\]; in our setting, the tree has fixed height, and so generally the distribution of states amongst the leaves will not be very close to the equilibrium distribution (as observed in the simulations, a major difference with sequences where the equilibrium distribution is well approximated by the state frequencies among the sites, due to stationarity).
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For the second part of Theorem 2, first suppose that $\documentclass[12pt]{minimal}
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Simulation Protocol {#SECA.3}
-------------------

To explore the behaviour of evolutionary models that are more complex and realistic than F81 and the equal input models used in Theorem 1, we performed computer simulations using the HKY model ([@B16]; [@B9]). We generated Yule and coalescent trees with a number $\documentclass[12pt]{minimal}
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1.  As the HKY parameters were unknown, we first used the Jukes and Cantor (JC) model ([@B9]) to obtain a rough estimate $\documentclass[12pt]{minimal}
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All software programs (except PhyML) used to perform the simulation study were implemented in Common Lisp and are available on request. We used the version 3.3.20170530 of PhyML available from <https://github.com/stephaneguindon/phyml>.
